Remote sensing, such as from satellite, has been recognized as useful for monitoring the changes in hydrology. In this study, we propose a way that is able to estimate flooding probability based on satellite data from the observation network of the World Meteorological Organization. Through a two-stage probability analysis, we can depict the area with high flooding potential in near-real time. In the first stage, decision trees offered a prompt and rough estimation of the flooding probability; in the second stage, artificial neural networks handle the rainfall forecast in a small-scale area. Case studies, simulating two rainfall events on 20 May 2004 and 11 July 2001, proved that our proposed method is promising for mitigating the flooding damage along urban drainage within the downtown area of Kaohsiung city.
INTRODUCTION
More and more cities in the world are suffering from flooding risks. In Taiwan (Chen et al. 2004 ). In our preliminary study, we found that simulation of floods based on measurements from rain gauges is too slow to meet the demand of flooding control.
That is to say, the use of observed precipitation does not allow sufficient lead-time to predict floods and issue warnings (Abebe & Price 2005) . To reduce flooding damage and improve urban drainage management, there is a need to increase the forecasting accuracy of rainfall models for use in small-scale urban areas (Kawamura et al. 1996) .
Since the 1970s, remote sensing has been recognized as a promising technique for monitoring the changes in hydrology (Pietroniro & Leconte 2000) . Remote sensing of rainfall can be made using two approaches: ground-based weather radar and satellite imagery. But geographic conditions, e.g. mountains or ocean, will limit the site of the radar. For those cities located at the coast, like Kaohsiung city in Taiwan, satellite imagery seems to be more available than ground-based weather radar for monitoring the movement of clouds over the far ocean because that satellite has good resolution and coverage over space and time (New et al. 2001) . satellite data has been proved to be workable by Grimes et al. (2003) and Bellerby (2004) . Remarkably decision tree, classification, cluster and artificial neural networks mentioned above are common techniques in data mining. Significantly data mining is a promising process to assist us in understanding the complex nature in hydrology (Bankert et al. 2004; Babovic 2005) . The above studies inspired us to integrate data mining techniques and satellite data for the estimation of flooding probability within the downtown area of Koahsiung city. A two-stage probability analysis, composed of decision trees and artificial neural networks, was proposed to fulfill this job. In this study, processing satellite information for starting artificial neural networks is very time consuming. Satellite information is also very expensive here. So we need decision trees to get a prompt and rough estimation of the flooding probability. It can reduce unnecessary jobs in the subsequent analysis of artificial neural networks. When the flooding probability estimated by DT is high, we start the rainfall forecast within the downtown area of Kaohsiung city via artificial neural networks. Overall our proposed method is promising in mitigating the flooding damage along urban drainage within the downtown area of Kaohsiung city.
METHODOLGY Decision trees
Decision Trees (DT) are able to form a set of simple rules on classifying attributes among huge amounts of data. It has the advantage of making no assumptions regarding the distribution of the predictor variables. In this study, we used the function treefit presented in the Matlab w statistical toolbox to build DT for the rainfall conditions happening in Kaohsiung city. We grew the structure of DT by the CART (Classification and Regression Trees) algorithm that had been proposed by Breiman et al. (1984) . The CART algorithm is an exhaustive recursive partitioning routine, and it can divide each parent node into two child nodes by posing a series of yes-no questions. According to the comments of Burrows et al. (1994) ,
we know that DT developed by the CART algorithm have a good ability in predicting the maximum surface ozone concentration. His comments encourage us to apply DT on splitting our rainfall event into a suitable scale of rain. During the subsequent analyses, we divided the rain into three scales:
fine rain (i.e. total accumulated rainfall is less than 30 mm and the maximum rainfall intensity is less than 10 mm/h), heavy rain (i.e. total accumulated rainfall is in between 30 mm and 100 mm, and the maximum rainfall intensity is greater than 10 mm/h) and torrential rain (i.e. total accumulated rainfall is greater than 100 mm). In our experience, the flooding in Kaohsiung city usually takes place when heavy or torrential rain continues for more than 2 h. ANNs, to know which area could be facing flooding.
Conceptual analysis of rainfall model
The following conceptual analyses about the formation path of rainfall will assist us in realizing how to integrate the satellite data and ground climate data. In the tropical area, the warm clouds with a variety of different size condensation nuclei may easily form precipitation via collision-coalescence. Upon collision, the droplets coalesce into a bigger droplet and then achieve a size sufficient to induce precipitation. The ice-crystal process is the other way of forming precipitation. Every test run randomly chose 16 rainfall events to be the targets for comparison. The R 2 value of statistical regression for the ANNs' predictions and the real measurements is the index of the model's performance. Figure 2 shows that satellite data is indeed useful in rainfall forecasting. All the models with satellite data can reach an in the water quality of the receiving river suddenly deteriorating. For the purposes of environmental protection and sightseeing, we need a more intelligent management of the drainage system (Chen et al. 2003) . Through the analysis of high flooding by DT and ANNs, we will efficiently make the right choice for handling the potential floods.
Here we used the satellite data from the IR1 (infrared:
10.5-11.5mm) and IR3 (water vapor: 6.5-7.5mm) channels of the geostationary meteorological satellites: GMS-5, GOES-9
and MTSAT-1R. Figure 4 shows the monitoring area of the satellites over Taiwan provided by the Taiwan Central
Weather Bureau (TCWB). The satellite image covering 1000 £ 1000 km (longitude from 1168E to 1268E, latitude from 188N to 288N) was renewed each hour. Each image had a resolution of 400 £ 430 pixels. In developing the rainfall forecasting model, only the data within 259 £ 259 pixels scale were selected. The selected data were centered at the weather station of Kaohsiung city (120818 0 29 00 E, 22834 0 04 00 N).
Next we transferred the satellite data from IR1 into the minimum, maximum and average cloud-top temperatures within four quadrants as depicted in Figure 4 . Then we transferred the satellite data from IR3 into cloud-covering ratios within four quadrants. Rainfall features derived from the satellite data are defined as follows:
CCR ij (i ¼ 1, 2, 3 and 4), the cloud-covering ratio of quadrant i.
MINCT ij (i ¼ 1, 2, 3 and 4), the minimum cloud-top temperature of quadrant i.
MAXCT ij (i ¼ 1, 2, 3 and 4), the maximum cloud-top temperature of quadrant i.
AVECT ij (i ¼ 1, 2, 3 and 4), the average cloud-top temperature of quadrant i.
CT oj , the cloud-top temperature of pixel scale over the studied area where j means the earlier jth hour before precipitation.
In addition, rainfall features like ground temperature (GT j ), ground pressure (GP j ), relative moisture (RM j ), wind speed (WS j ) and wind direction (WD j ) were observed at the weather station (MS) of Kaohsiung City and seven neighboring rain gauges (R1 -R7).
RESULTS AND DISCUSSION
By decision trees (DT) and artificial neural networks (ANNs), we found several classification rules for judging the potential of heavy rain at Kaohsiung weather station In contrast, the rainfall event on 11 July 2001 is torrential rain (its total rainfall was more than 500 mm).
The classification rules induced by DT can infer that heavy rain could be sustained from 19:00 to 02:00 the next day (see Table 2 ). In particular the inference at some period can simultaneously meet several rules, that is, the possibility of heavy rainfall at that period would be very high. If we had these inferences at that time, we could make a prompt action for flooding control. These inferences seem to be very close to the facts. Then we need a more precise rainfall forecast model to know which area could face flooding.
Prediction of rainfall using ANNs
In the above section, the rain scale can be easily estimated by DT. But DT cannot tell us the whole rainfall distribution around Kaohsiung city. So we used ANNs to produce the rainfall forecast within 14 blocks shown in Figure 3 . It can let us know which area could face flooding. However, its data preparation is very time consuming.
When we use ANNs to simulate the whole rainfall . This simulation reconfirmed that we might adopt no action for flooding control in this case study. If we had our proposed two-stage probability analysis at that time,
we could have saved a lot of jobs and unnecessary worry. Then authorities might promptly take emergency action to mitigate flooding damage if they had had our proposed twostage probability analysis. 
CONCLUSION
This paper proved that satellite data is really useful for rainfall forecasting. Based on satellite data, classification rules induced by DT can infer the potential of flooding and the ANNs model can get the resolution of pixel scale (6.9 sq kmr) and predict well the hourly rainfall intensity in the downtown area in Kaohsiung city. In case study I, our proposed method is able to identify a short storm and avoid discharging combined sewage into the receiving river. In case study II, our proposed method is able to detect an unusual torrential rain storm and let fast action be taken over the forthcoming flooding damage. Overall our proposed method is promising to improve urban drainage management. 
